Abstract Inasmuch as the newly established DSM-oriented CBCL/6-18 scales are to be increasingly employed to assess clinical/high-risk populations, it becomes important to explore their aetiology both within the normal-and the extreme range of variation in general population samples and to compare the results obtained in different age groups. We investigated by the Quantitative Maximum Likelihood, the De Fries-Fulker, and the Ordinal Maximum Likelihood methods the genetic and environmental influences upon the five DSM-oriented CBCL/6-18 scales in 796 twins aged 8-17 years belonging to the general population-based Italian Twin Registry. When children were analysed together regardless of age, most best-fitting solutions yielded genetic and non-shared environmental factors as the sole influences for DSMoriented CBCL/6-18 behaviours, both for the normal and the extreme variations. When analyses were conducted separately for two age groups, shared environmental influences emerged consistently for Affective and Anxiety Problems in children aged 8-11. Oppositional-Defiant, Attention Deficit/Hyperactivity, and Conduct Problems appeared-with few exceptions-influenced only by genetic and non-shared environmental factors in both age groups, according to all three computational approaches. The De Fries-Fulker method appeared to be more sensitive in detecting shared environmental effects. Analysing the same set of data with different analytic approaches leads to better-balanced views on the aetiology of psychopathological behaviours in the developmental years.
Introduction
Parent-rated questionnaires that cover a wide array of psychopathological signs and symptoms continue to be relied upon to assess behavioural and emotional problems in children and adolescents. The Child Behavior Checklist (CBCL) [2] is arguably the most widely used screening instrument in both the research and clinical settings, due in part to its good reliability and validity across different cultures [3, 7, 34, 59] . In addition to sampling an extensive array of problematic behaviours and to assessing their degree of severity, the CBCL scoring system also provides cut-off thresholds to discriminate between non-clinical, 'borderline', and clinically relevant behaviours [2] .
The traditional CBCL subscales, generated on the basis of principal component analyses and variance-sharing of the 118 items on problem behaviours represent an empirically based assessment instrument that has been adopted worldwide. Cross-cultural comparisons [9] confirm the substantial replicability of the psychometric structure of the CBCL, and the reliability, validity, and sensitivity of the scales, albeit with some differences regarding the mean and cut-off values across different cultures (see Achenbach and Rescorla [2] for further details). Some studies have employed CBCL items to build new scales which have proven effective in predicting juvenile bipolar disorder [17, 23] .
Recently, a new scoring system based on consensus between clinicians [2] has been developed to allow better correspondence to the currently employed DSM-IV diagnostic criteria and syndromes and further foster the applicability of the CBCL as a screening instrument to clinical samples [1, 2, 30] . The new CBCL DSM-oriented scales (DOS) have thus been developed by including 55 items that had been rated as 'very consistent' with corresponding DSM-IV criteria by expert clinicians [1, 2] within six different syndrome scales, namely Affective, Anxiety, Somatic, Attention Deficit/Hyperactivity, OppositionalDefiant, and Conduct Problems.
While the amount of empirical data presently available on the validity of the DOS is relatively small, it suggests satisfactory diagnostic efficiency and discrimination [28, 30] . For example, Ferdinand [18] recently showed that the CBCL DOS Anxiety-and Affective Problems scales predict the corresponding clinical DSM-IV diagnoses in a referred sample.
The traditional scales of the CBCL have been used in a number of behavioural genetic studies in order to provide insight on the magnitude of genetic and environmental influences on psychopathology in childhood [6, 25, 36, 42, 54] . Recently, we have examined the aetiological influences on the CBCL DOS as defined by Achenbach and Rescorla [2] in twins belonging to the Italian Registry by quantitative ML approach; our results show that the phenotypic variance of the new DOS scales is explained by only additive genetic and unique environmental agents. Moreover, heritability estimates were in general higher for the DOS than for the 'classical' CBCL scales [49] .
Inasmuch as the CBCL 6/18 is likely to be increasingly employed for screening and assessing children who are potentially at risk for psychopathology, it becomes important to estimate whether the DOS' causal structure can be confirmed across normal and extreme variation. While the quantitative maximum-likelihood (ML) approach we employed to explore the causal structure of the DOS [49] is the most commonly employed to investigate the aetiology of individual differences within the normal range of variation, the particular mix of genetic and environmental influences on extreme scores may be substantially different [40, 42] . Thus, methods that specifically examine the aetiology of extremes are clinically important so that the most appropriate inferences may be made for levels of psychopathology that portend psychiatric disorder.
Two complimentary methods, the DeFries-Fulker (DF) analysis [11] and the ordinal ML method, are better suited to investigate the genetic and environmental causes of extreme scores. The DF analysis is a regression method designed to compute genetic and environmental effects on clinically significant levels of symptoms, considering also quantitative information for co-twins of probands, rather than simply classifying them as 'affected' or 'unaffected' [27, [40] [41] [42] . The ordinal ML approach investigates the genetic and environmental factors underlying extreme scores as represented in categorical terms, such as in the classical biomedical 'case' versus 'control' approach. Both DF analysis and the ordinal ML approach share the critical objective of examining the aetiology of extreme scores, and given that there is no a priori reason to favour one over the other, both are to be considered when conducting biometrical analyses of extreme scores.
An additional issue to consider is that a bulk of studies on problem behaviours show that the proportion of genetic and environmental contribution to individual differences vary depending on the age of children [5, 29, 44] : Silberg et al. [48] suggested that differences in the genetic or environmental contributions to problem behaviours in prepubertal versus post-pubertal youth can indicate the presence of different subtypes of the same disorder, or even different psychological syndromes.
While it is important to have estimates of genetic and environmental influences for problem behaviours in childhood and adolescence that are based on samples of normally developing subjects, clinicians, and epidemiologists are especially interested in knowing if, and to what extent, such estimates also apply to the more deviant scores within the same population analysed by different computational approaches, as this piece of information can influence policies in prevention and therapy.
Thus, the objectives of the present study are (1) to evaluate how the estimates of the genetic and environmental influences for CBCL/6-18 DOS vary, depending on whether psychopathology is approached by the quantitative, DF analysis, or the ordinal methods, and (2) to evaluate results obtained in two different age groups of twin children and adolescents.
Methods

Participants
This study is based on the responses provided to the CBCL 6/18 by parents of children belonging in the Italian Twin Registry (ITR), a database including all possible twins in the Italian population [50] , from which subjects aged 8-17 years, living in the industrialized province of Milan and in the suburban province of Lecco were sampled for psychometric studies of different nature and aims [35, 36, 49] . The recruitment methods and the socio-demographic characteristics are reported in detail elsewhere [36, 49] . Briefly, 398 twin pairs were recruited; the participation rate of 56% did not differ between families living in the industrialized Milan province compared with those living in the suburban Lecco province [36, 49] ; the mean age of children and parents did not differ in the families who agreed, versus those who declined, participation into the study (respectively, 13.06 ± 2.60 vs. 13.11 ± 2.31, P = 0.62 for children; 46.06 ± 0.23 vs. 46.71 ± 0.35, P = 0.10 for mothers), and the maternal educational level and percentage of full-time employment were similar in participating and non-participating families (university degree: respectively, 17.7% vs. 16 .3% of mothers, P = 0.65; mothers with full-time employment, respectively, 54 and 52%) [36, 49] , with figures that closely reflect the average of Italian north-western population [26] and suggest the sample's representativeness of the general population of this part of the country. Moreover, all CBCL mean scores of twins in this sample were similar to those found in a national probability sample [19] , with the exception of Rule-Breaking Behaviour, which was significantly higher (1.6 vs. 1.3, P = 0.001), and Aggressive Behaviour, which was significantly lower (4.6 vs. 6.3, P = 0.001), than in the national sample [49] . Comparisons based on t tests showed that the mean values of internalising problems DOS were significantly higher in girls (with the exception of Affective Problems, which was similar across genders), whereas the mean values of externalising problems scales were significantly higher in boys. Variances were significantly higher in boys for the externalising problems DOS, but did not differ between genders for the internalising problems DOS [49] .
Measures
Twins' zygosity was assigned by the parent-rated Goldsmith questionnaire [21] , which has an accuracy of determination of 99.4% [54] ; according to its algorithm, there were 74 monozygotic (MZ) males, 70 MZ females, 134 same-sex dizygotic (DZS, 53 males, 81 females), and 120 different sex dizygotic (DZU) twin pairs. The zygosity of these 398 pairs was not different from that of the larger ITR population, and the MZ/DZS/DZU ratio was 1.1/1.0/0.9. The CBCL/6-18 was filled by one of the parents for both twins, with 77% percent of questionnaires completed by the mother, and the remaining 23% by the father, without significant differences in the mean values of the CBCL scales owing to parental sex [49] . In the present study the CBCL scores were obtained using the new scoring system based on DSM-oriented categories, which maintains the original CBCL point scale. (range: 0-not true, 1-somewhat/sometimes true, 2-very true or often true). All the analyses were therefore fitted to each of the six CBCL DOS.
The procedures were accepted by the ethics committee of each participating institution, and for all participants parents signed a declaration of consent.
Model fitting analyses
Preliminary analyses showed that for all CBCL 6/18 DOS twin correlations did not differ significantly in DZU pairs and DZS pairs, suggesting that the same genes and shared environmental factors operate in both genders [6] . In consideration of this finding, and of the difficulty to adequately control for sex effects in a moderate-size sample like ours, we combined DZU and DZS twins together for the analyses, without assessing sex effects. The variances of all CBCL/ 6-18 DOS did not differ between MZ and DZ (DZU ? DZS) twins, according to the Levene test for equality of variances (range: P = 0.09 for ''Conduct Problems'' subscale; P = 0.87 for ''Affective Problems'' subscale).
In order to explore the causal factors that underlie between-individuals differences in problem behaviours by taking into account both continuous variation and extreme scores, and to evaluate whether results differ quantitatively and qualitatively across different computational approaches, we analysed the individual scores obtained in the five CBCL/6-18 DOS by Structural Equation Modelling through three alternative model fitting methods, namely 1. Quantitative ML 2. DF analysis 3. Ordinal ML All three computational approaches have the fundamental aim of quantifying the relative role of (1) genetic effects, which can be additive (A, resulting from the sum of all individual effects of alleles at different contributing loci) or non-additive (D, resulting from the effect of dominance/epistasis at one or more contributing loci); (2) shared environmental (C) effects, attributable to those environmental factors-such as family-wide experiencesthat increase similarities within a twin pair; and (3) unique (i.e. individual-specific) environmental (E) influences that increase differences within a twin pair, also including measurement error. However, in a study conducted on twins reared together, dominant genetic and shared environmental components of variance are confounded and therefore cannot be estimated simultaneously [16] .
The model assumes a correlation between twins' additive genetic influences of 1.0 for MZ pairs and of 0.5 for DZ pairs and a correlation between twins' shared environmental influences of 1.0 for both MZ and DZ twin pairs (i.e. shared environmental influences are assumed of equal magnitude for MZ and DZ twins) [32] . While all three computational approaches share these basic elements, they also have unique features and specific trade offs.
The quantitative ML approach is the most widely employed method to explore the aetiology of individual differences in the normal range variation and capitalises upon decomposition of the MZ-DZ within-pairs covariance (see Fig. 1 , part A). The proportion of the variance accounted for by genetic and environmental influences is calculated by squaring the parameters 'a', 'c', and 'e' and dividing them by the total variance (a 2 ? c 2 ? e 2 ). The model derives inferences about the relative role of genetic and environmental influences on continuous and normally distributed phenotypic scores and has less applicability when these distributional features are violated [12] . Since the large majority of CBCL/6-18 DOS in our sample had non-normally distributed scores (skewness range: 0.90-2.73; kurtosis range: 0.54-9.49), they were transformed by natural logarithm, to approximate normal distributions. After transformation, skewness and kurtosis were, respectively, between -0.25 and 1.22 and between -1.03 and 0.99 [49] .
The DF analysis is a method based on standard multiple regression that allows to estimate heritability of extreme scores on a dimension [11] . Even if this model requires an arbitrary cut-off to be set upon the dimension of interest in order to identify the ''cases'' (probands), it capitalises on the quantitative scores of co-twins of probands, rather than classifying them as ''cases'' or ''controls''.
The model provides a simultaneous estimate of the genetic and shared environmental influences from the difference between the mean scores of MZ and DZ probands, their cotwins and the general population mean on the phenotype by examining the regression of the cosibling's mean as a function of genetic relatedness to the proband [11] . Common notation for the model is as follows:
where the score for co-twin i (C i ) is predicted from the phenotypic score for twin i (P i ), a coefficient that denotes the genetic relationship between twins (R i ), each weighted by the estimated regression coefficient, and the intercept constant (A).
Differently from the quantitative ML methods that reflect an individual differences approach, the DF analysis yields group differences estimates, denoting to what extent the mean differences between an extreme group (i.e. probands) and the population on a dimensional measure, can be ascribed to genetic and environmental factors [37] .
The general strategy of this method is quite straightforward: if an extreme value is affected by genes, the scores of DZ co-twins of probands should regress further to the population mean than scores of MZ co-twins; if environmental influences common to both twins play a role in influencing the extreme values, the scores of co-twins can be predicted from scores of probands without differences across zygosity groups; finally, if neither genes nor shared environment play an influence on the phenotype, co-twin scores regress right back to the population mean (see Fig. 1, part B) . We applied the Mx model-fitting implementation of the DF-analysis which refines the regression approach by basing the analysis on pairs rather than individuals [38] . Before model fitting analyses, individual scores were transformed according to the DF model so that the proband's mean is 1 and the general population mean is 0. The third approach is the the Ordinal ML; this is the closest to the clinical 'case' and 'control' approach. By adopting an ordinal model-fitting approach we specified a threshold to separate 'normality' from 'pathology' upon the traits under study. This approach assumes phenotypic discreteness (or semi-continuity) of traits imposed upon of the same normally distributed underlying multi-factorial continuum of risk [39] . As such, it is the closest approximation to the classical medical distinction between affected and unaffected subjects while assuming a multi-factorial underlying liability, whereby several environmental and genetic determinants add to each other to influence the manifestation of an illness once a critical threshold is reached (see Fig. 1 , part C).
While the cut-off values to separate 'normal' from 'clinical' and 'borderline' scores in the empirically defined CBCL scales are well-defined across different cultures [9, 19] , no such distinction is yet available for the DOS in an Italian population. For both the DF analyses and the Ordinal ML approach we chose to set a relatively lenient threshold at the 85th percentile to, respectively, define 'probands' and 'cases', as suitable to increase sensitivity in an exploratory study of a general population sample like ours.
Since the age span of the children in this study is wide (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) , and the contribution of genetic and environmental influences upon behaviour can vary in development, analyses were carried out both for subjects of all ages together, and split into two groups: 8-11 (prepubertal) and 12-17 (adolescent) years.
All the analyses were conducted from raw data using the structural-equation modelling program Mx [31] . The goodness-of fit index of each model is provided by the v 2 goodness of fit and twice the log likelihood (-2LL), which then converted to the Akaike Information Criterion (AIC = -2LL-2df), that considers the rule of parsimony. Thus, the determination of the best-fitting model among nested models was based on the lowest AIC value, reflecting the optimal balance between model fitting and parsimony [22] . Table 1 shows the twin correlations for each of the five CBCL/6-18 DOS. For all scales the MZ correlations were higher than the DZ correlations, indicating genetic effects on phenotypic variance. For the Attention Deficit/Hyperactivity Problems and the Conduct Problems scales, the MZ correlations were considerably greater than twice the DZ correlations, suggesting the possible role of non-additive genetic factors. Table 2 shows the mode l fitting results obtained by applying the three different computational approaches of (a) Quantitative ML, (b) DF analysis, and (c) Ordinal ML in the whole sample.
Results
We found considerable consistency of results across the three different approaches for the Anxiety, Oppositional Defiant, and Conduct Problems scales, whereby only genetic factors account for familial similarities, regardless of the computational approach.
For the Affective Problems scale, the quantitative ML approach and the ordinal ML method yielded similar results, with both approaches suggesting genetic factors as the only causes for familial similarities; when we applied the DF analysis regression model, however, we found that both an AE and a CE model could fit almost equally well to the data, with the latter being slightly preferable by virtue of the AIC. Table 3 presents the proportions of variance accounted for by genetic, shared environmental, and non-shared environmental factors with their confidence intervals, as Chi-square goodness of fit with ''df'' degrees of freedom; AIC -2LL-2(DF) determined by applying the three different methods in the whole sample.
The Attention Deficit/Hyperactivity Problems scale appeared to be strongly influenced by genetic factors: both quantitative and ordinal model fitting analyses yielded a best-fitting model encompassing additive genetic and nonshared environmental causal factors only. The DF regression model, which, differently from ML approaches, does not impose the constraint of positive values for parameter estimates, showed a negative estimate for the shared environmental component and an heritability estimate greater than one for this subscale, as a consequence of the more than twice difference between MZ and DZ phenotypic correlations [8] . Table 4 shows the best-fitting models and parameters' estimates (with their confidence intervals) when the three different computational models are applied to subjects aged 8-11 years and subjects aged 12-17 years separately. The best-fitting solutions for the internalising categories of DOS Anxiety Problems and DOS Affective Problems recognise environment as the sole source of variation for the 8-11 years age span, and additive genetic and environmental unique contributions for the 12-17 years age span across all three computational approaches. For the DOS Attention Deficit/Hyperactivity, Oppositional Defiant, and Conduct Problems, results in the two age ranges and across all three computational approaches closely resembled those obtained in the whole sample, in that additive genetic and environmental unique contributions appeared to be the only relevant sources of individual variation, albeit with three notable exceptions, all of which were observed under the DF approach: common environmental influences showed negative estimates for Attention Deficit/Hyperactivity and Conduct Problems, while Oppositional Defiant Problems in the 12-17 age range were found entirely environmental in nature.
Discussion
One of the main issues for developmental psychopathology concerns the aetiological connection between normal and abnormal behaviour [42] . In order to clarify the extent to which clinically relevant problems are aetiologically different from variation within the normal range, we explored the genetic and environmental factors influencing the five CBCL/6-18 DOS by implementing three different methods. By, respectively, focusing upon the normal and the abnormal domains, the quantitative and the ordinal ML methods reflect two conceptual and methodological approaches to aetiological research that are to some extent at the opposite. On the other hand, the DF analysis provides a framework that can help integrate these two approaches Best-fitting models are shown in bold A additive genetic influences; C shared environmental influences; E non-shared environmental influences [10] . A critical comparison of the results can also help highlighting the respective methodological strengths and weakness proper of each approach.
Genetic and environmental influences on CBCL/6-18 DOS in the sample as a whole Our main finding is an overall agreement across the three different approaches in showing that most emotional and behavioural problems measured by the DOS are influenced mainly by genetic and non-shared environmental factors, both in the normal and in the extreme variations when all children aged 8-17 are pooled together. This confirms our previous findings with the quantitative ML approach about the aetiology of the CBCL DOS [49] . In general, this finding implies that there is a continuum of genetic risk that contributes to individual differences in emotional and behavioural problems as well as to the expression of clinically-relevant levels of symptomatology.
In this sense, there are no unique indicators of genetic or environmental risk on extreme scores of the CBCL DOS. That said, as these quantitative methods only determine the magnitude of the overall genetic effect and carry no implications as to specific regions of the genome, it is not to be assumed that there cannot be sets of genes unique to the extremes.
Despite this overall convergence across approaches, some notable exceptions were obtained by the application of the DF approach. First, when we applied the DF model to the Affective Problems subscale, the estimates from the full ACE model indicated a role of similar size for both additive genetic and shared environmental factors, while the bestfitting solution indicated only environmental factors as responsible for extreme group membership. A greater influence of shared environmental factors on extreme scores of depressive symptoms compared with normal variation has been previously reported [10, 15, 42, 43] (but see also Gjone et al. [20] for opposite findings, and the review by Rice et al. [44] ). Our results with the DF analysis applied to Affective Problems DOS expands this work because of the clinical relevance of the CBCL DOS and reinforces the conclusion that shared environmental influences should be considered in aetiological models of depressive symptoms in childhood. In particular, the inference is that there may be environmental influences that promote concordance for siblings in terms of extreme affective symptoms. Although our study did not include putative environmental measures, future work could push the field forward by examining candidate social contextual factors (e.g. SES, parenting skills, and stress) that may be especially detectable at the extremes of the affective symptom distribution.
By applying the DF methodology to Attention Deficit/ Hyperactivity Problems subscale, we obtained a saturated Table 4 Proportions of variance accounted for by genetic, shared environmental and non-shared environmental factors in two separated age groups (8-11 and 12-17) model that apparently yielded the best compromise between fit and parsimony. However, the estimate of the shared environmental component was lower than zero, with a heritability estimate greater than one, which has previously been reported by Waller [58] as indicative of nonadditive genetic effects on the phenotype under the DF approach. Thus, rather than supporting a 'true' role for shared environmental influences, these figures may suggest a role for non-additive genetic factors. Accordingly, when the shared environmental estimate was constrained to be zero we obtained, as expected, estimates similar to those provided by the more conventional quantitative and ordinal model-fitting procedures. Both additive and non-additive genetic components' effects on Attention Deficit/Hyperactivity Problems have been reported by previous investigations [13, 24, 51] .
Genetic and environmental influences on CBCL/6-18 DOS in pre-pubertal versus adolescent twins Separate analyses in the two distinct age groups helped to further characterize our findings, by revealing that all three computational approaches converge in finding shared environmental influences as the sole sources for familial similarity in younger, pre-pubertal children, whereas additive genetic influences appear to be the sole sources for familial similarity in adolescents, for anxiety and depressive symptoms. These results suggest a change in the aetiology of internalizing symptoms, with genetic factors gaining importance in the transition from childhood to adolescence. It has been suggested that such increase in heritability during adolescence may partially reflect active gene-environment correlation [44] , a phenomenon which we cannot investigate via the classical twin design, however. Our results with the Affective Problems scale in the two age groups agree with those of Boomsma et al. [5] , which found similar trends for the CBCL juvenile bipolar scale. Consistently, Thapar and McGuffin [52] , found that shared environmental influences on the one side, and genetic factors on the other, were substantial in explaining variance of children's (8-11 years) and adolescents' (12-16 years) depressive symptoms, respectively.
Other studies, however, found opposite trends: Gjone et al. [20] , reported a reduction of heritability with age on the CBCL internalizing scale in twins aged 5-15, and Legrand et al. [29] found a moderate genetic contribution to self-reported anxiety measured in 10-12 years old, but not in 16-18 years old, female twins.
Our result of a substantial influence of shared environmental factors upon internalising problems supports investigations that take into account specific and focused analyses of the familial environment. In this regard, a metaanalysis by van der Bruggen et al. [56] found a substantial association between child anxiety and parental control, with a stronger effect in school-aged children.
When we analysed Attention Deficit/Hyperactivity Problems, Oppositional Defiant and Conduct Problems in the two age groups, results generally replicated the findings obtained with the whole sample, with genetic and non-shared environmental factors as the sole sources of variation, albeit with the notable exception of shared environmental factors as the only source of familial similarities for Oppositional Defiant Problems in adolescents, found with the DF approach.
The same reasoning outlined above in discussing the negative estimates of shared environment in DF models applies also to the results in the two age groups. The relevance of genetic influences across age groups was previously reported for attention problems and hyperactivity [45] and for aggressive behaviours [25, 53] .
Checks and balances of three computational approaches
It is often the case that when psychopathological behaviours are measured in general population subjects, the observed distributions depart significantly from normality. In fact, with behavioural phenotypes it is often found that the greater amount of subjects in the sample scores near to zero, and the 'affected individuals' fall within a relatively wide range of scores: this often yields L-shaped distributions [55] . When non-normally distributed traits are analysed by the quantitative ML approach, there is risk for specific bias of parameter estimations, even after reduction of skewness and kurtosis by data transformation [12] . When dealing with these non-normally distributed phenotypes, the ordinal ML approach is at lower risk for biased parameter estimations [55] . However, this same approach adopts one or more empirical thresholds that are often arbitrarily superimposed upon a sample distribution. Consequently, the information yielded by subjects who bear a score lower than the threshold for the 'affection state'-and are thereby defined 'non affected'-, is equated to null, with the consequence of loosing statistical power [12] . On the contrary, the DF analysis utilises the quantitative scores of co-twins of probands, instead of simply classifying them as ''cases'' or ''controls'' and is suitable also with non-normally distributed traits. By this method not only aetiological information about extremes can be acquired, but also quantitative variation in severity of impairment can be taken into account. This is not to say that DF analysis is without drawbacks: in the presence of non-additivity the risk for overestimation of additive genetic influences at the expenses of shared environmental factors is present, as seen also in our results with the Attention Deficit/Hyperactivity Problems scale.
At least four main potential limitations should be considered. The first lies in the relatively small size of our sample, yielding limited power and preventing us from addressing other relevant issues, such as sex differences: although most DZU phenotypic correlations in our study do not differ significantly from DZS correlations, the inclusion of all DZ pairs in an unique category may have influenced the parameters' estimates. Since several studies found evidence of sex differences in the genetic architecture of externalizing-but not of internalizing, problems [24, 48, 57] , our findings are perhaps more reliable for the internalized-than for the externalized traits.
Second, while the present study contributes to a growing data base that has examined the aetiology of extreme levels of emotional and behavioural symptoms in youth, it is based on a general population sample, implying that the subjects who score high on different levels of symptomatology are relatively few. To address this issue, and enhance the power of analysis, a relatively low threshold (85th percentile, compared with the 95th/98th percentile employed by Achenbach) was adopted for the DF analyses. While this choice remains arbitrary, it should be remembered that our aim was that of measuring the effects of genetic and environmental factors upon extreme variation, not necessarily upon a strictly-defined 'clinical' phenotype.
A third limitation is the assessment at one time point only, which is a potential confounder for the estimation of the effects of idiosyncratic environmental factors, and for the distinction of these effects from measurement error. Finally, we based the study on parental reports only, which may limit the sensitivity of the assessment, especially for internalising symptoms [46] , even though some data [47] report better agreement for internalising than for externalising conditions between children and parents.
A more general cautionary note encompasses the use of screening measures like the CBCL for detecting psychopathology and drawing information on the genetic and environmental influences on mental health and disorders. While direct interviews in general population subjects elicit more information of possible clinical relevance, these studies are by definition based on children who are mostly healthy, and relying on paper-and-pencil instruments is still viable in face of realistic cost-effectiveness considerations.
Conclusion
A better understanding of the relationships that link normal and atypical development through multilevel approaches is a recognised, major goal of contemporary developmental psychopathology: here we sought to explore the causal sources of variation (both within the normal range and at the extremes) of five CBCL/6-18 DSM-oriented scales. The three computational methods we employed-the quantitative ML, the DF analysis, and the ordinal ML approach-have unique advantages and drawbacks, and yielded broadly similar results; they also showed differences, such as distinguishable sensitivity in detecting a role for family-wide (shared) environmental determinants for depressive problems in children. Thus, while the quantitative ML is typically adopted for epidemiological samples, the DF-analysis for selected samples (such as sib pairs ascertained via proband sib), and the ordinal ML for clinical samples, by comparing the results obtained through all three approaches one can obtain a better balanced view of the aetiology of psychopathological behaviours in the developmental years.
Moreover, by showing the general tendency to confirm the same amount of genetic and extra-genetic contributions across different scales and computational approaches, the present study confirms that the variance in the newly established DSM-oriented CBCL/6-18 scales is moderately to substantially accounted for by genetic factors, with little, or no, contribution from shared environmental factors when all children aged 8-17 are pooled together. Best-fit solutions from all three computational approaches, however, correspond in suggesting a role for shared environmental factors in affecting the risk for Anxiety and Affective Problems in children aged 8-11 years, consistently with recent epidemiological-, quantitative genetic-, and molecular genetic studies [4, 14, 33] . Clinicians may therefore pay special attention in assessing the presence of environmental risk/precipitating factors in children who are referred for these disorders.
Since all solutions show an important role for non-shared environmental factors in influencing the DOS scores, future studies may focus on how specified environmental moderators-such as measures of life adversities, which were not available for this sample-influence variation in these scales via univariate and multivariate approaches.
